Leaf Area Index (LAI) and chlorophyll content are strongly related to plant development 11 and productivity. Spatial and temporal estimates of these variables are essential for efficient and 12 precise crop management. The availability of open-access data from the ESA Sentinel-2 satellite -13 delivering global coverage with an average 5-day revisit frequency at a spatial resolution of up to 14 10 metres -could provide estimates of these variables at unprecedented (i.e. sub-field) resolution.
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Each of the wheat plots were sown on 30 th September 2017, in a roughly south-west to north-134 east direction with a seed rates of 340 seeds/m 2 and harvested on 25 th August 2018. The soil is of the 135 Humbie soil series with a loam texture. The N fertilisation of plots was carried out as a split 136 application: 50% of the total N was applied on 22 nd March 2018 and the remainder was added on 26 th 137 April 2018, which correspond to growth stages (GS) 24 and 31, respectively. A herbicide based on the 138 active ingredients picolinafen and pendimethalin was applied at GS11 on 27 th October. A robust 139 fungicide programme based on the active ingredients triazole, chlorothalonil, cyflufenamid, 140 proquinazid, SDHI and azoxystrobin, was also applied to all plots at four growth stages (GS30 on 141 16 th April, GS32 on 9 th May, GS39 on 30 th May and GS65 on 22 nd June) to keep all diseases to a 142 minimum level throughout the growing season. For five different dates within the growing season (Table 1) , non-destructive measurements 145 carried out in each experimental trial plot included LAI, LCC and growth stage observations in 146 accordance with the Zadoks decimal code [35] . Five technical replicates of LAI were taken per plot 147 and ten replicates of chlorophyll content on a regular grid within each plot. The replicates were then 148 combined to give a plot average and standard deviation. The growth stage was assumed to be 149 reached when it was observed in at least 50% of the plots. LAI was measured using a SunScan device 150 (Delta-T Devices, Cambridge) and LCC measurements were inferred from a portable Soil-Plant 151 Analyses Development (SPAD) meter device (Konica Minolta, Japan). The CCC, expressed per unit 152 leaf area, was calculated as the product of the LAI and LCC [11, 24, 27] . Across the five observation 153 dates and 50 trial plots a total of 250 sets of LAI, LCC and CCC were derived from the ground 154 measurements and used in this study.
Destructive analyses were carried out to sample the winter wheat vegetation at five of the to correct biases and quantify the uncertainty of LAI and LCC non-destructive measurements, which 163 were also acquired on the same day as the destructive sampling. The measurements entailed 164 randomly placing a 0.25 m 2 quadrat within the destructively sampled plots and removing all above-165 ground vegetation. The leaves were separated from the remainder of the vegetation and the LAI was 166 then estimated by passing the collected leaves through a Li-3100C leaf area meter (Li-Cor, Nebraska, 167 USA). The non-destructive SunScan LAI estimates could then be directly compared to the destructive 168 measurements to, first, correct for biases. This bias correction was performed through reduced major 169 axis linear regression, which accounts for the variance in both the destructive and non-destructive 170 measurements [36] . Specifically, the resultant linear fit equation was used to correct the bias in the was then calculated as the normalised root-mean-square-error (1) 
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where a photogrammetric workflow was applied to align and produce an othomosaic of the 18 236 multiband images covering the trail plots with a ground sampling resolution of 0.04 m.
237
The multiband MAIA/Sentinel-2 orthomosaics was overlaid with vector polygons for each of the 238 50 winter wheat trials plots. A buffer of -0.5 m was applied to the polygon edges in order to ensure a 239 representative coverage of the trail plots. For each plot, the vector dataset was then used to extract 240 mean pixel values recorded in the MAIA/Sentinel-2 dataset. Since band 1 of the MAIA/Sentinel-2 data 241 is measured by the Sentinel-2 MSI at a 60 m spatial resolution (Table 2) , we considered this resolution 242 to be too coarse for precision agricultural applications and we, therefore, omitted this band from 243 further analysis, reducing the analysis to eight bands. 
294
In addition to the band analysis using the three-fold cross-validation statistics, we performed an 295 independent validation of the GPR model performance by re-training the model with only half of the 296 observations (i.e. with remaining observations used for validation). We further compared this 297 independent model evaluation to a multivariate linear model, using Ordinary Least Squares
298
Regression, which was developed using the most explanatory MAIA/Sentinel-2 bands and calibrated 299 and validated using the same observations as the GPR model. We also quantified the spectral 300 responses of these individual bands to the variables that were measured directly (i.e. LAI and LCC) 301 and, in doing so, determined the extent to which these variables can be retrieved from the single 302 bands. We, thus, compare the performance of the GPR approach to simple parametric models. In comparing the GPR band selection with and without propagating observational uncertainty,
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it was found that without uncertainty the number of bands included in the optimum bands was four 342 for each variable, whereas the number of key bands varied from two to three when including 343 uncertainty ( Table 3) 
349
For the most explanatory bands selected from the GPR framework developed with the 350 propagated uncertainty, we analysed the sensitivity of these individual bands for estimating LAI and
351
LCC based on the spectral responses to these two variables ( Figure 3 and Table 4 ). The red-edge band 352 at 705 nm showed a general exponential decrease in reflectance with increasing LAI (R 2 = 0.61),
353
whereas the near infra-red band (865 nm) was characterised by a linear increase in reflectance with 354 increasing LAI (R 2 = 0.67). For individual band responses to LCC, both the blue (490 nm) and green 355 (560 nm) band reflectance exhibited a weak linear correlation (R 2 was 0.46 and 0.55 for the blue and 356 green bands, respectively) with the reflectance in these bands decreasing with increasing LCC.
357
Reflectance in the red-edge band (783 nm), however, showed a reasonable linear positive correlation
358
(R 2 = 0.61) with increasing LCC. The GPR model estimates when using the most explanatory band combinations demonstrated a 370 high agreement to observations when validated using an independent dataset -the mean R 2 was 0.77 371 and the NRMSE was 12% (Figure 4 and Table 4 ). The GPR model performance was very similar when 372 deriving the LAI and CCC estimates with the R 2 being 0.85 for both variables and the NRMSE being 373 9 and 10% for LAI and CCC, respectively. In comparison to the other two variables, the model 
Ground measurement analysis and uncertainty characterisation
We quantified the uncertainty and bias of non-destructive measurements of LAI and LCC by comparisons to data derived from the destructive sub-sample analysis (Figure 2 ). The linear relationship established between the SunScan LAI and destructive measurements was biased identified were also situated around spectral regions of known reflectance and absorption and had a 445 reasonable relationship to the ground measurements when evaluated individually (Figure 3) . The 446 sensitivity of these spectra to the biophysical variables is also broadly in agreement with past research 447 [11, 25, 32, 33] . We acknowledge, however, that our calibrated GPR modelling approaches are based and, therefore, the simpler regression approach may be more practical when retrieving pixel-level 458 estimates of the variables across regional and country scales. 
466
We have demonstrated the potential of the Sentinel-2 bands for providing more accurate 467 estimates of LAI, which would be of value for improving the efficiency of crop model-data 468 assimilation approaches, particularly when spatially upscaling model estimates from fields to 469 regional extents [3, 58] . In this research we have shown a high correlation (R 2 = 0.86) between LCC 470 and leaf N along with a high retrieval accuracy of LCC and CCC using Sentinel-2 bands. 
486
The traditional approaches for variable retrieval use the visible red and near infra-red bands, 487 which correspond to Sentinel-2 bands 4 and 8 that have a spatial resolution of 10 m ( 500 study focuses on the spectral characteristics of Sentinel-2, we would recommend future research 501 related to Sentinel-2 spatial resolution, includes tracking the propagation of uncertainty when 502 estimating variables using Sentinel-2 data at 10 and 20 m resolution for specific crop types.
503

Conclusions
504
This study has evaluated the Sentinel-2 satellite Multispectral Instrument spectral bands for the 505 estimation of winter wheat variables -LAI, LCC and CCC -required for supporting precision 506 agricultural technologies. Where past research has often used synthetic Sentinel-2 data within the 507 growing season, here we used data from a UAV-mounted multispectral camera with sensors 508 matching the key Sentinel-2 wavebands. The acquisition of UAV multispectral data was carried out 509 in coordination with ground measurements. These measurements, comprising of destructive and 510 non-destructive sample analysis data, were used to calibrated and validate the performance of a GPR 511 machine learning algorithm we applied to identify the most informative spectral bands for estimating 512 each of the biophysical variables. The ground measurements were also used to quantify uncertainty 513 that was propagated into the GPR model training data.
514
Overall, we have demonstrated a high retrieval accuracy of the variables when using the most 515 informative Sentinel-2 bands (mean R 2 = 0.86). The Sentinel-2 red-edge and near infra-red bands were 516 identified as being the most informative, particularly for LAI and CCC. The propagation of 517 uncertainty in the ground measurement reduced the number of most informative bands, indicating 518 an overfitting of the GPR model when uncertainty is not properly accounted for.
519
In comparison to previous satellite missions, the results we present highlight the potential of 520 Sentinel-2 spectral data within an operational farm-scale decision support system. Future research 521 should include testing the robustness and characterizing the uncertainty of the GPR modelling 522 approach when applied to data acquired from the Sentinel-2 platform, including the uncertainty 523 linked to the spatial scaling of these estimates to the resolution of Sentinel-2 Multi-spectral Instrument
524
(i.e. 10 and 20 m). Furthermore, the use of GPR modelling, which provides a predictive mean and 525 variance, would be an ideal approach for investigating the propagation of uncertainty from ground 526 measurements to the scale of the Sentinel-2 sensor.
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